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Fig. 12 Confusion matrices of proposed method in

experiments E1 and E4
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Deep embedding metric learning for machinery fault identification
across different working conditions

HAN Té', LIU Chao®, SHEN Chang-qing’, SHI Hong-mei', SI Jin*, JIANG Dong-zxiang’
(1.Department of Industrial Engineering, Tsinghua University, Beijing 100084, China; 2.Department of Energy and
Power Engineering, Tsinghua University, Beijing 100084, China; 3.School of Rail Transportation, Soochow University,
Suzhou 215131, China; 4.Key Laboratory of Vehicle Advanced Manufacturing, Measuring and Control Technology of
Ministry of Education, Beijing Jiaotong University, Beijing 100044, China)

Abstract: The complete training data under target working conditions are necessary for the traditional data-driven fault diagnosis
methods of machinery. However, the actual working conditions of mechanical equipment are complicated and difficult to predict,
and thus it is difficult to obtain sufficient training data. To solve this problem, this paper proposed a deep embedding metric net-work
(DEMN) for mechanical fault identification across different working conditions. The proposed method uses the data underknown
working conditions to learn robust feature representation, and then establish the generalized fault diagnosis model for the unseen
working conditions. First, the deep embedding features of fault signal are extracted by the multiscale convolutional neural network
(MCNN). Then, the triplet loss-based metric learning objective is optimized to enhance the discriminant ability of classification
boundary. Particle swarm optimization (PSO ) algorithm is executed to the search the optimal margin in triplet loss. By facilitating
the intra—class compactness and the inter—class separability, the influence of working condition changes to fault relationship mapping
is significantly reduced. The experimental results show that the proposed method presents superior accuracy and generalization per-

formance in gearbox fault diagnosis across different working conditions.
Key words: fault diagnosis; gearbox; convolutional neural network; metric learning; across working conditions
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